Agri-environment is one of the most widely supported rural development policy measures in Scotland in terms of number of participants and expenditure. It comprises 69 management options and sub-options that are delivered primarily through the competitive 'Rural Priorities scheme'. Understanding the spatial determinants of uptake and expenditure would assist policy-makers in guiding future policy targeting efforts for the rural environment. This study is unique in examining the spatial dependency and determinants of Scotland's agri-environmental measures and categorised options uptake and payments at the parish level. Spatial econometrics is applied to test the influence of 40 explanatory variables on farming characteristics, land capability, designated sites, accessibility and population. Results identified spatial dependency for each of the dependent variables, which supported the use of spatially-explicit models. The goodness of fit of the spatial models was better than for the aspatial regression models. There was also notable improvement in the models for participation compared with the models for expenditure.
Introduction

The Common Agricultural Policy
The European Common Agricultural Policy (CAP) will undergo reforms post 2013 in order to adapt to evolving environmental and economic challenges (COM, 2012) . Alongside the continued economic crisis there is uncertainty about how the balance of environmental and economic issues will be addressed both at the European and national level (Hodge, 2012) . The Rural Development Programmes (RDP) (COM, 2012) are prominent policy mechanisms within the CAP that are designed to meet this challenge. RDPs for the programming period 2007-2013 are based on Strategic Guidelines set by the European Commission, and have three core objectives known as Axes. Whereas Axes 1 and 3 promote 'competiveness' and 'diversification' in rural areas, Axis 2 focuses on 'improving the environment and the countryside by supporting land management'. This includes a number of policy 'measures', which act as instruments for integrating environmental considerations into economic decisions.
The Scottish Rural Development Programme
Each EU Member State, [in line with the three Axes], has developed its own RDP based on national priorities, with budgets set accordingly (COM, 2005 ). Scotland's RDP is considered to have an "essential role in sustaining land-use systems that contribute to the survival of local communities and which are crucial to the delivery of environmental benefits, including the delivery of biodiversity targets and the maintenance of unique landscape character" (Scottish Government, 2008, p.13) . Consequently, the Scottish Government has allocated over £1 billion to environmental policy measures within the RDP [2007] [2008] [2009] [2010] [2011] [2012] [2013] programming period (Scottish Government, 2008) . The 'environmental' budget for Scotland's RDP is spread across eight different delivery mechanisms known as schemes, illustrated in Figure 1 . Between 2007 and 2010 the Rural Priorities (RP) scheme received the highest committed expenditure in comparison to the seven other schemes, at £260.7 million (Scottish Government, 2010) .
The RP scheme is unique in comparison to the other delivery schemes in that it works as a competitive process where the eligibility of rural land managers to receive funding is based on a scoring system. The scoring system assesses the contribution of projects, amongst other eligibility criteria, to quantified national and qualitative regional targets both of which link to the EU strategic guidelines and objectives (Scottish Government, 2011a) . The RP scheme has five environmentally centred measures, including agrienvironmental expenditure (AEP) as summarised in Table 1 . AEP is outlined in the Council Regulation (EC) No 1698 (COM, 2005 , and is a broad categorisation of numerous land management strategies known as 'options'. In Scotland there are 69 options and sub-options for the AEP measure. These options range from wetland management to bird species conservation; all options have the common aim of creating, conserving and improving habitats and biodiversity within Scotland (Scottish Government, 2008) . The number and specificity of options under Scottish the AEP measures contrasts with other EU Member States, with broader options based, for example, on overall biodiversity protection rather than specific species or habitats (Poláková et al., 2011) . For Scotland, the array and the number of options are tailored to varying needs due to the diversity of Scottish landscapes (Scottish Government, 2008; Poláková et al., 2011) .
Evaluating policy measures
The Scottish Government is obligated to evaluate and monitor the performance of the RDP through the Common Monitoring and Evaluation Framework (CMEF) (COM, 2006) . Data on both the number of participants with contracts (uptake) and expenditure of RDP measures are required in the form of the CMEF quantitative indicators (COM, 2006) . Performance can be appraised by comparing these indicators to output indicators, which are nationally pre-set Axes and measure targets (COM, 2006) . Such evaluation may identify 'implementation deficits', describing the gap between policy intentions and actual outcomes (Weale, 1992; Winter 1996; Wilson and Hart, 2000) . For instance, from 2008 until 2011, AEP had the highest uptake and expenditure across the RP measures from each of the Axes; receiving 39% of the total expenditure for RP (total £ 158 million) and 77% of the total contracts (total 15,322), far exceeding the AEP number of holdings output target by 135% (Scottish Government, 2008) . These figures indicate that AEP adoption is meeting policy expectations. Yet the level of aggregation of these targets and whole measure analysis does little to allow a deeper understanding of what AEP management activities are being adopted and across which land and farm types.
Further assessment of option adoption, however, demonstrates a large disparity between uptake and expenditure among the 69 options under the RP scheme's AEP measure. For example from 2008 to 2011 the option 'supplementary food provision for raptors -hen harriers' had only 1 applicant and a committed spend of £5,380. In contrast the 'open grazed or wet grassland for wildlife' option had the highest uptake with 2,011 beneficiaries, and over £30 million in committed spend (Scotland's RDP Scottish Government data, 2007 ). Yet assessing if levels of individual option uptake and expenditure are meeting policy objectives is challenging in the absence of quantifiable targets that do not go beyond the measure itself.
Additionally, Potter et al. (1993) argue that "the precision with which target groups or target land are identified will be critical in their success or failure" (p.199).
It is equally challenging, therefore, to assess policy performance regionally because policy priorities are less clear at this level. The spatial distribution of AEP clearly differs across Scotland, e.g. Figure 2 shows the variation in expenditure across the eleven Regional Project Assessment Committees (RPAC) regions of Scotland for AEP. These eleven regions also have varying proportions of Scotland's total UAA (Utilised Agricultural Area). Expenditure could reasonably be assumed to be linked to the proportion of UAA within a region. However, as Figure 2 demonstrates, this is not necessarily the case. For example the Highland RPAC secured a relatively low percentage of funds relative to the proportion of its UAA while the Grampian RPAC is the opposite.
Variation in expenditure across regions, when UAA is accounted for, raises inequity issues for the targeting of expenditure and uptake for AEP. Justification of regional budgets and their targeting performance is uncertain, since in spite of regional targets being established per RPAC, these are qualitative and fairly unanimous across the regions (Scottish Government, 2011a; RSPB 2011) .
Thus, indicators of uptake and expenditure have only limited use in policy assessment. With national targets and regional priorities in the RP scheme, it is only possible to assess if broad objectives are being met (Scottish Government, 2011a) . However, an understanding of the determinants of uptake and expenditures would improve policy evaluation. An analysis of the influences of spatial variability on the uptake and expenditure of RDP measures for instance, would provide insights into 'how' and 'where' these priorities are being met. 
Influences of spatial uptake and expenditure extent
The focus of this paper is on the spatial distribution of uptake and expenditure of the AEP RDP measure across Scotland. In line with available data, seven categories of explanatory characteristics, with expected spatial variation, were explored by modelling their influence on AEP measure uptake and expenditure. Some determinants were chosen because they were identified in previous studies as being important, including farm level variables such as; 'farm type', 'livestock' (Hynes and Garvey, 2009; Wynn et al., 2001) ; 'labour employment' and 'land ownership' (Defrancesco et al., 2008; Dupraz et al., 2002) ; as well as the regional variable 'designated areas' (Wilson, 1997) . Additional regional variables such as; land capability for agriculture (LCA) and the Scottish urban-rural classifications (incorporating accessibility and size of settlements), were also included because of their importance in Scotland. Furthermore, both factors are potentially useful indicators for targeting; in identifying how and what LCA types and rural demographic levels, impact AEP participation (Potter et al., 1993) .
In the absence of disaggregated quantifiable targets, it is hypothesised that the assessment of policy performance can be achieved by analysing the relationships between spatial characteristics and AEP participation and expenditure. For instance, by linking RP scheme criteria with policy outcomes, such as the criteria defined for scoring and eligibility (Scottish Government, 2011a) . For example, one of the national targets links directly with designated areas; supporting activities that will bring Scotland's nationally important nature sites (with SSSIs as nationally designated and SACs, SPAs and Ramsar sites as internationally designated sites 1 ) into favourable condition (Scottish Government, 2009) . Options related to designated sites attract a higher score and would therefore be prioritised (Scottish Government, 2011a) . As a result it is expected, as with Wilson's (1997) findings, that the uptake and expenditure of AEP would be positively related to designated sites due to this targeting emphasis. As SSSIs are the most common of the designated sites, of which there are 1,440 in Scotland, they are assessed separately in this study unlike the merged dataset used for the other designated areas (Scottish Government, 2011g) . This is used to test whether there are differences in uptake and expenditure of AEP according to the type of designated site.
Eligibility for funding is also determined by spatially-related attributes. Option management demands and labour availability are also potentially related to AEP uptake. Dupraz et al. (2002) suggested conservation intensive option requirements are more likely to be taken up by holdings with an excess of labour. Defrancesco et al. (2008) support this finding, by indicating that nonparticipating farmers cannot easily satisfy the extra labour required for the AEP paperwork, administration and implementation. Therefore, locations with higher labour densities and the availability of full-time staff would be expected to positively influence AEP uptake.
Agricultural land use, determined by bio-physical characteristics, will also influence the eligibility of land areas (Wynn et al., 2001; Hynes and Garvey, 2009; Buchan et al., 2010) . For instance the two most prevalent land capability types in Scotland are 'rough grazing' referring to uncultivated land used for grazing livestock, and 'mixed agriculture', which refers to a combination of cropping and livestock, or mixed livestock farming approaches. Both of these farm types are prevalent in land areas with mountainous terrain, poor soils and harsh climatic conditions (Scottish Government 2008; JHI, 2013 These land capability types are also associated with extensive farming practices, which according to Hynes and Garvey (2009) , are more likely to adopt AEP options. Such farm practices are also more likely to include mixed cattle and sheep livestock (Hynes and Garvey, 2009 ). Moreover, intensive farms are probably less inclined to apply, as this would result in the loss of income when converting areas for AEP practices (Hynes and Garvey, 2009) . In this study, therefore, farms with both rough and mixed land capabilities with extensive farm characteristics were expected to influence positively the uptake of AEP in Scotland.
The potential explanatory determinants, however, might be important at one scale level, but not at another, known as the 'ecological fallacy', (Steel and Holt, 1996) . Furthermore, as data is aggregated, information subsequently can be lost (Henderson-Sellers et al., 1985; Meentemeyer and Box, 1987) . Thus, in this study, the analysis was undertaken at the smallest spatial resolution dictated by data availability i.e.
at the parish 2 level; a spatial unit used in the agricultural census and for the expenditure of farming grants and subsidies.
In order to analyse the determinants of AEP uptake and expenditure, whilst taking account of measure and option distribution, a spatial modelling approach was applied. While previous work on AEP adoption has focused on specific case studies (Ruto and Garrod, 2009; Guillem et al., 2012) there are fewer studies that have attempted to model determinants at a national level (Crabtree et al., 1999 , Wynn et al., 2001 , Juvančič et al., 2012 . This approach could have more resonance with policy makers who need to consider the broader picture. Therefore this study used a countrywide spatial modelling approach to identify determinants of AEP uptake and expenditure across Scotland.
Spatial econometric modelling
Spatial econometrics has been used widely in regional economics as well as being applied in land use models (Overmars, et al., 2003; Brady and Irwin, 2010 ). Yet a limited number of studies have applied spatial econometrics in order to evaluate RDP (Schmidtner et al., 2012; Bartolini et al., 2012; Juvančič et al., 2012) . Furthermore, whilst there are many studies into the factors that affect AEP participation, few of these have attempted to understand the geographical dimensions of AEP and control for spatial dependence (Evans and Morris, 1997; Hynes et al., 2008; Uthes et al., 2010; Schmidtner et al., 2012) . Evans and Morris (1997) argued for the necessity of using a geographical approach in order to fully understand the impacts of AEP on "land use patterns and habitat and landscape conservation" (p.202).
Spatial econometric modelling is defined here as the incorporation of spatial dependence interaction (spatial autocorrelation) and spatial structure (heterogeneity) in regression models (Paelinck and Klaassen, 1979; Anselin, 1988) . Spatial heterogeneity refers to variation across space, and spatial autocorrelation, considers the first law of geography that "everything is related to everything else, but near things are more related than distant things" (Tobler, 1970, p. 236) , indicating that data observations are not independent.
If spatial dependency is detected, the use of spatial models is justified. There are two main types of spatial models; lag and error (Anselin et al., 2008) . The spatial lag model adds a spatially lagged dependent variable to account for the dependency of another variable being jointly determined by neighbouring values, known as the 'spill-over effect' (Ward and Gleditsch, 2008; Anselin et al., 2008) . Alternatively, spatial error models assume that spatial dependency occurs in the error terms, indicating that a covariate has been omitted (LeSage and Pace, 2009). It is argued that both these models provide better classification and predictive accuracy than linear regression for spatial datasets that exhibit strong spatial autocorrelation (Anselin, 1988; Kazar and Celik, 2012) .
Spatial dependency effects need to be clarified to justify the use of either the spatial lag or error models (Partridge et al., 2012; Gibbons and Overman, 2012) by identifying the distinction in 'spatial dependence', i.e. whether dependent correlation is caused by spill-over effects or explanatory variables (Partridge et al., 2012) . In this study, it was expected that spill-over effects would be identifiable in a holding-to-holding analysis, for example, the participation of one farmer may lead to AEP uptake by neighbouring farmers (Vehkala and Vainio, 2000; Siebert et al., 2006) . However these effects are unlikely to be identifiable at a parish level. Therefore it is more likely that spatial correlation for AEP will be detected and caused by a high correlation in the explanatory variables (Hynes et al., 2006) . Therefore spatial error models are expected to be more suitable for this analysis. These hypotheses can however be tested to identify the most appropriate model type (Anselin, 2005 ).
Summary of research aims
The novelty of this study lies in the application of spatial econometric modelling to identify spatial and results between OLS and the spatial models; 4) identification of significant determinants of participation and expenditure; and, 5) assessing how these variables meet desired policy objectives. Thus this article illustrates the process and detection of spatial autocorrelation and the differing model quality. As well as describing the significant determinants of AEP participation and expenditure examining how these may relate to policy eligibility and scoring criteria.
Material and methods
Dependent and explanatory variable datasets were prepared for model analysis. The Scottish AEP measure, as the dependent variable, incorporates a large number and diversity of environmental management options, and consequently a breakdown into option groupings was expected to produce better fitting models. For in comparison to the whole measure analysis, the option groups would further account, at least to some extent, for the differing eligibility criteria and management requirements. The options were classified, therefore, into five groups relating to the main theme objectives: species control (total of 6 options); organic farming (total of 8 options); bird conservation (total of 12 options); water habitats (total of 10 options); and habitat management (total of 32 options) 3 . The total number of participating holdings varied across the option groups as shown in Figure 3 . Due to the low uptake for the 'species control' and 'organic' options these were omitted from the analysis.
In total, 40 explanatory variables were collected as secondary datasets (summarised in Table 2 ). These included variables categorised as farm level variables and regional variables such as designated sites, LCA and accessibility and remoteness.
Testing for spatial autocorrelation in the dependent variables requires the development of W (the spatial weights matrix) by applying a theoretical approach that avoids misapplying spatial econometrics (Partridge et al., 2012; Corrado and Fingleton, 2012) . Applying W in an ad hoc way may lead to model deficiencies (Partridge et al., 2012; Corrado and Fingleton, 2012) . Therefore the weighting strategy of W should be applied in order to represent the spatial structure between features that best reflect how they interact with one other by systematically assessing the degree of connectivity between spatial units (ESRI, 2006 ). W's were constructed using the parish spatial dataset 4 .
The 'Gabriel' W was considered to be better than the two most commonly used Ws, 'queen contiguity'
(based on common boundaries and vertices) and 'distance based', since it incorporates the ability to include islands and limit ranges of neighbours between parishes (see discussion in section 3.1, below). The Gabriel W uses a standardised each row weighting strategy (Gabriel and Sokal, 1969) . As with Delaunay triangulation (natural neighbours) the method works as a sub-graph where neighbours are constructed by creating Voronoi triangles from point features, so that each point connected by the triangle edge are considered neighbours (ERSI, 2012) . 3 For further details on each option group categories, see Appendix B 4 The W and models were developed using the R 2.13.1 software (2011) Based on population and accessibility to settlements to classify Scotland's rural-urban areas.
Calculated as a proportion of total parish size (ha) e.g. percentage of accessible rural areas per parish.
Scottish Government 2010
NB: Further detailed description on the datasets and how each variable was derived can be found in Appendix A.
Once the W was constructed, spatial autocorrelation was tested using Geoda 1.0.1 (2011) to produce a Global Moran's I (Moran, 1948) for each dependent variable. The Global Moran's I, is a statistical measure that takes account of the clustering effects of a given variable between the values sampled at different points in space (Cliff and Ord, 1973) . The value can range from -1.0 to +1.0, with positive values indicating spatial clustering and spatial dependency (ERSI, 2012) . Furthermore, the spatial significance of clusters (spatial autocorrelation) as well as spatial outliers in the dependent datasets was identified using a Local Indicators of Spatial Association (LISA) test (Anselin, 1995) . The LISA test provides a visual map indicating locations of high and low participation and expenditure for AEP.
Identification of the significant explanatory variables per dependent variable was first achieved using the aspatial OLS model forward-backward stepwise function. This function identified the most significant variables and organised them in the most effective order to achieve the 'best model fit' based on AIC (Akaike Information Criterion) (Akaike, 1973; Bozdogan, 1987) . The OLS model for multivariate analysis is expressed in equation (1).
Y represents the dependent variables (the expenditure and participation of AEP and option groups); β refers to the coefficients, which are calculated by the regression; X refers to each of the selected explanatory variables; and ε represents the random error, which refers to the unexplained part of the dependent variable. The results from this analysis were examined to check for multi-collinearity between present variables and spatial dependency of the model residuals using the OLS model definition in Geoda.
Furthermore, models for each of the dependent variables were tested with the Lagrange Multiplier diagnostic, which identifies the most appropriate spatial model: lag or error (Anselin, 2005) . 5 These tests produced mixed suitability for lag and error according to the dependent variable, and so subsequently both models were used. The same explanatory variables selected in the OLS models for each dependent were used in the spatial lag model and spatial error model. The spatial lag model is expressed in equation (2).
W refers to the spatial weight matrix and ρ is a 'scalar spatially autoregressive parameter, which determines the importance of spatial lag', also known as "<Rho>" (Paraguas and Kamil, 2005) . "<Rho>"
measures the average influence of observations from their neighbouring observations. The spatial error model is similar to the original OLS model however the ε error term is altered by adding the W and lambda 5 However the diagnostics confirmed that in the majority of cases both models types were significant. Therefore the model analysis proceeded to use both error and lag models.
as demonstrated in equation (3). Where ε is the vector of auto-correlated error terms, the lambda ʎ is also a coefficient parameter, with μ as a vector of i.i.d errors 6 (Anselin, 2005) :
All the model results were compared and analysed. A distinction between option groups and entire measures was tested to compare model quality. Note that R² in the spatial models is comparable, but not for the OLS model as the spatial results produce what is known as a 'pseudo R²' (Anselin, 2005) . Thus, model comparisons were based on the AIC. In order to compare the spatial dependency between the aspatial and the spatial models, the residuals from the spatial lag and error models were tested to compare the Global
Moran I results and significance compared to the original OLS model residuals. This was done in order to test whether the spatial models had accounted sufficiently for the spatial dependency.
Results
Spatial weight matrix
The 'Gabriel' W (spatial weight matrix) illustrated in Figure 4 , was developed as an improved alternative to account for the limitations of both the queen contiguity and distance matrixes. The queen contiguity W (Gabriel and Sokal, 1969; ERSI, 2012) . Additionally, row standardization is used to create proportional weights in cases where features have an unequal number of neighbours, with a total maximum of 8. Therefore Gabriel W was applied to each of the following spatial tests and models.
Spatial autocorrelation detection
The spatial autocorrelation test showed that each dependent variable in the OLS models had a significant Global Moran's I, as all the values were positive indicating spatial clustering and therefore spatial dependency. Habitat expenditure had the highest spatial dependency with a Moran's I of 0.46 (Table 3) . By contrast, both bird conservation models were weakly significant with a much lower Moran's I at 0.04 for expenditure, and 0.05 for participation. The spatial autocorrelation of the residuals from the OLS model compared to both the spatial models showed that in almost all the models, spatial dependency was accounted for in the spatial lag and error models. The LISA maps also revealed regional clusters of significantly low and high values as well as outliers (referring to low-high and high-low neighbouring values). As seen in Figure 5 , it is indicated that clustering patterns are dissimilar between expenditure and participation results for the whole 'AEP' measure with the exception of clusters of both high uptake and expenditure in the North Eastern Grampian region, and low value clusters in central Scotland. This demonstrates that whilst expenditure and uptake are unequivocally related, i.e. there would be no expenditure without uptake; they are still only related to a certain degree.
Model outcomes and explanatory variables
The results from all the spatial models per dependent variable had an improved AIC in terms of relative goodness of fit compared to the aspatial OLS models (Fig. 6 ). For instance, for the OLS habitat management' expenditure model, the AIC was reduced by 211 by the spatial models However the 'bird conservation' models showed the least improvement with the AIC in the spatial models reduced by 5.
The AIC results between spatial lag and error models varied according to the dependents however they were either the same or only marginally different (Fig. 6) . For example AIC figures were the same for AEP expenditure and bird conservation participation error and lag models. The AIC for spatial error was smaller for the rest of the participation models, with the exception of the water option group; whereas the AIC for spatial lag was smaller for the other expenditure models.
In comparing the results of the whole AEP models with the option groups, both the model quality and the corresponding explanatory variables differed (Fig. 6 ). For instance, each of the option group models showed an improvement in model quality with lower AICs compared to the whole measure analyses, as shown in Figure 6 .
For each model, the explanatory variables differed in number, type and significance, although the same type of relationship (positive or negative) occurred across the model types (OLS, error and lag) 7 . Further reference of the model results to the spatial error model results are shown in Table 4 . This is mainly because the spatial error model was considered to better represent spatial dependency. Whilst the 7 For all spatial model results see Appendix C significance of explanatory variables did vary across the lag and error models, this difference was very small and in the majority of cases the same variables remained significant.
The R² in the error models were relatively low in the majority of the models e.g. < 0.28, with the exception of higher R² values for both AEP (0.37) and habitat management expenditure (0.42). The lambda, representing the coefficient of the spatially correlated errors, was found to have a positive effect and was highly significant in all the models. The variation and significance of the explanatory variables are discussed below.
Ownership
For ownership, only three explanatory variables were significant: 'owned', 'rented', and 'common grazing'. However, the significance of each differed according to the model dependents. Percentage of 'rented' agricultural land had a positive effect across three participation models for the whole AEP measure, habitat management options and water options. Yet percentage of 'owned land' and 'common grazing' were significant only in the bird conservation expenditure models. As expected, these two variables displayed contrasting relationships, with 'owned land' having a negative effect and 'common grazing' a positive one.
Farming characteristics and land capability
The six significant farming variables were mostly related to crop types, grassland, and woodland. The crop related variable, 'unspecified' crop land had a negative effect in both the water habitat management expenditure model and water management participation model. Additionally, 'vegetables' were negative, and 'crops and fallow' positive in the bird conservation participation model. 'Crops and fallow' also had positive significance in the water habitat participation model. Alternatively, the percentage of 'woodland' had significant negative association with the AEP expenditure and water habitat expenditure models.
The LCA variables differed in significance across all the models. 'Mixed' agriculture had a positive significant relationship for the majority of models, apart from the bird conservation models. Similarly 'arable' agriculture had a positive effect in both habitat management models only. 'Improved grassland' was only present in the bird participation model and was negatively significant. 'Rough grazing' also appeared as a significantly negative variable in five of the models. Additionally both 'built up areas' and 'inland water' also had negative coefficients.
The labour variables occurred only in the participation models. For example 'density of regular and casual staff' had a strong positive significance in all the dependent models apart from water habitat participation. However, for water habitats, 'density of part-time occupiers' had a positive significant relationship.
For the livestock variables, both density of 'cattle' and 'dairy' were negatively significant. For 'cattle'
this determinant was present in the habitat management, water habitat, and bird conservation participation models, as well as the water habitat expenditure model. The 'dairy' livestock variable was present in the AEP, habitat management, and water management participation models. By contrast, the density of 'sheep' was significantly positive in the water management expenditure model only.
Designated sites
The 'SSSI' variable was shown to have a strong positive significance in all the models, although it was absent in the habitat management expenditure model. The 'RSPB reserves' variable was a positive factor in both the bird models only. However 'designated areas' had a significant negative relationship in all the participation models.
Accessibility and population
The two significant variables for accessibility and population included 'accessible rural' and 'other urban' areas. 'Accessible rural' area had a significant negative effect on every model, except for the habitat management expenditure models. Meanwhile 'other urban' areas had a negative effect on the AEP and bird conservation participation models.
Discussion
Spatial dependency is present for participation and expenditure in the whole AEP measure and three major option group dependents, which justifies the use of spatial models. Furthermore, the determinants of either AEP participation or expenditure in Scotland vary according to the three major groupings of options.
The relationship of the significant determinants with AEP was largely as hypothesised.
Spatial dependency
Spatial dependency was demonstrated for each dependent variable justifying the use of spatial models, and supporting Tobler's (1970) theory that physical and social phenomena are highly clustered in space.
Yet while most of the dependent variables demonstrated reductions in the AIC and the Global Moran's I through the use of spatial models, these reductions were limited for the bird conservation dependents.
This suggests that the use of spatial models did not improve model quality for the bird conservation option group. Possible explanations for this could be the overall participation numbers for this group, or differentiation between option eligibility criteria. For instance, compared to the other dependents the bird conservation group had the lowest total number of holdings at 1,184 compared to habitat management that had almost twice as many holdings at 2,266. This suggests that a certain threshold of uptake could determine the suitability of employing a spatial analysis approach at the national scale. In addition, the twelve bird conservation options each have a large range of eligibility requirements; from the 'broad brush' aimed at wider diversity of farmland bird species to the 'targeted and narrow' aimed at single bird species.
For example there are five options specifically targeting corncrake (Crex crex) conservation. Corncrakes have a specialised habitat distribution (Scottish Government, 2011c) and this is reflected in the option eligibility. However the most popular bird option; 'wild bird seed mix/ un-harvested crop' also included in this group, has less rigid eligibility criteria. Subsequently this option has, as with hedgerows, been adopted more widely by a large number of holding types, in both improved and arable land uses (Scottish Government, 2011c) . It is expected, therefore, that an option specific model analysis would more likely detect stronger spatial dependency.
Nevertheless, despite weaker spatial dependency for the bird conservation option group, the aspatial OLS models and the other dependents had comparatively higher AIC, and so, weaker model quality. However whilst the use of spatial error and lag models was shown to be appropriate, the spatial effects and improved suitability of the error models was not wholly as expected. It was hypothesised, for instance, that spatial dependency at the parish level would arise from an important omitted explanatory variable, which could be addressed through the application of spatial error models. The participation models, in line with expectations demonstrated this, with the spatial error results having the lowest AIC indicating stronger model quality compared to the lag and OLS models. These participation (and spatial error) models also had markedly better model quality, compared with the overall expenditure models. For example, the spatial error model for the AEP participation model was reduced by 3324 compared to the AEP expenditure error model.
It is assumed that the differences in model quality and the significance of the spatial lag models are due to data accuracy between the two variable types. For instance, in order to account for accuracy in the methods each of the variables were standardised: with expenditure to parish UAA size, and participation as proportion of the number of holdings per parish. Yet the analysis was constrained by the available datasets.
An alternative for standardising expenditure would be the number of hectares of land under AEP contract since AEP options are predominantly area based e.g. expenditure per ha (Scottish Government, 2011a) .
This would provide a more accurate calculation of expenditure per ha compared to the expenditure per total UAA ha, as AEP options are more likely applied to a 'proportion' of a farm holding's land area, rather than to the whole UAA. Alternatively, if AEP and option area coverage datasets were available, model quality could be improved by reducing the AIC of the error model. However the associated explanatory variables would not be expected to alter significantly, as hectares under AEP contracts would still correspond (to an extent) with the analysed UAA parishes.
Farming and land capability variables
The range of explanatory variables varied according to dependents, but predominately met expectations.
This was indicated by the positive significance of 'rented' and 'common grazing' areas, and 'sheep' as well as LCA for 'mixed' farm type as explanatory variables appearing alternately or mutually between the expenditure and participation models. Meanwhile 'cattle' and 'dairy heifer' densities appeared as negatively significant determinants. As expected, these variables indicate characteristics of extensive farming practices, in keeping with Wynn et al. (2001) and Hynes and Garvey (2009) findings, as a positive influence on AEP uptake.
Yet in contrast to expectations 'rough grazing' was a negatively influencing factor in a number of the participation and expenditure models. However, by examining the LISA clustering map (Fig. 4 ) the visible clustering of patterns in the north eastern region of Scotland provides a potential explanation. These regional clusters appear in areas of predominately 'arable' and 'mixed' farm types, both of which are positive significant variables in the AEP and habitat management models (SNH, 2013) . Moreover, these regions also include a high number of applications funded for 'hedgerow development' options. As identified earlier, hedgerow management is one of the most commonly adopted AEP options in Scotland (Scottish Government 2011a).
This observation on hedgerows options also indicates the link between uptake and spending patterns with AEP option eligibility criteria. In line with expectations, more generally applicable options such as hedgerows with undemanding entry conditions are more commonly adopted (Wilson and Hart, 2001 ).
Additionally, hedgerow option uptake will be determined by the bio-physical context, as hedgerows are less suited to areas of 'rough grazing'; habitats that are limited by difficult physical and climatic conditions (Scottish Government, 2008) .
Overall average uptake and expenditure still occur in rough grazing areas, i.e. in the western and north western regions of Scotland. This is indicated by the lack of significant clusters on the AEP LISA maps.
This may also explain why 'inland water' is negatively associated in all the participation models; as 'inland water' mostly in the form of lochs, are prevalent in the rough grazing regions, e.g. the Western Highlands.
Additionally where large areas of inland water persist in parishes, agricultural land management will not be viable.
Likewise, the percentage of 'woodland' was negatively associated with AEP and water habitat expenditure. These results were expected as the AEP options are directed at agricultural businesses rather than forestry, with the main forestry related options present in other Axis 2 measures (Scottish Government, 2011).
Labour variables were only significant in the participation models. The density of 'regular and casual' staff showed strong positive significance, which logically indicates that the higher the density of workers in the parish, the higher the number of holding uptakes. This finding corresponds with Dupraz et al.'s (2002) research that argues that AEP participation costs are high and may be dependent on the opportunity costs of on-farm labour. Additionally, results suggest that labour intensive conservation practices are more likely to be taken up by farmers with an excess of labour in times of workload peaks (Dupraz et al., 2002; Defrancesco et al., 2008) .
Regional variables
In terms of accessibility and population, 'accessible rural', and 'other urban' areas both had a negative significant relationship across the expenditure and participation models. This was largely expected since any agri-holding can apply for funding even those classified in urban areas; yet the needs of 'rural' communities are prioritised in the RDP (Scottish Government, 2008) . Nevertheless, the rural urban classification variables did not provide as much insight into AEP adoption as anticipated, possibly due to the broad classifications of rural and urban areas. Further differentiation within the area classifications could provide a better understanding of the relationship between AEP, accessibility and population.
However, the explanatory variables related to designated sites did provide insights into the national targeting efforts of the Scottish Government or the Non-Governmental Organisation, RSPB. Only 'SSSI' had a significant positive association, whilst the amalgamated 'designated areas' were significantly negative. This suggests that SSSIs are primarily connected with AEP participation and expenditure, whilst the other nationally important designated sites such as SAC, SPA's and Ramsar are not. The latter sites are aimed at bird conservation and mostly situated in wetlands, estuaries, and lochs and coastal habitats, which potentially are less suitable for AEP, which probably explains the negative relationship (Scottish Government, 2011g) . This explanation is supported further by the negative significance of inland water for participation in water habitat options. Additionally, 'RSPB reserves' had a significant positive relationship in all the bird conservation models. These reserves are privately owned by the RSPB and primarily support bird conservation (RSPB, 2011) . This suggests that the RSPB has been successful in gaining contracts and funding for AEP land management that promotes bird conservation.
Conclusions
The EU CMEF guidelines require Member States to assess individual RDP measures, as opposed to the individual options (COM, 2006) . The research presented here provides insights into AEP as a whole measure, but also assists in understanding the varying pattern of uptake and expenditure between option groups. Thus for Member States that have, as with Scotland for AEP, a high number and range of options under a single measure, an analysis of option groups could provide more informative insights into policy performance. Alternatively a breakdown into singular options would likely identify more specific trends and perhaps more homogenous distributions of uptake, but as a national policy assessment this would add complexity. For regional decision-makers, however, such as the RPACs in Scotland, an individual option analysis at a regional scale would be more suitable, accounting for the regional diversity in land characteristics and the specifics of option eligibility.
The low predictive capacity of the models meant that a strong explanation of the variance in the dependent variables was not possible. This is consistent with findings from other studies on AEP in which participation in schemes could be attributed to a large number of factors such as policy design, individual behaviour and attitudes (Wilson and Hart, 2000; Siebert et al., 2006; Edwards-Jones, 2006; Ruto and Garrod, 2009 ). Siebert et al. (2006) , assert that participation is likely to be influenced by an 'intricate interaction of contingencies' between many variables. For RP this is especially likely to be the case considering the voluntary and competitive nature of the scheme. For instance, decisions are made by applicants not only about whether to apply, but also by the government authorities who design and implement policy, and assess and score applicant proposals.
In summary the spatial approach has provided broad insights into AEP participation and expenditure determinants indicating how and where policy priorities have been met. In the absence of explicit quantified measure and option targets, spatial econometrics has provided examples of how eligibility and scoring criteria can be used to assist in policy evaluation. The importance of particular explanatory variables such as farming characteristics, land capability, designated sites, and accessibility and population for the corresponding dependent variables of the AEP measure and option group participation and expenditure was, in most cases, as hypothesised. The study has provided, therefore, quantitative evidence about which explanatory variables concerning farm types, labour, and ownership are more likely to adopt AEP, according to option eligibility as well as how these environmentally centred AEP options meet national targets.
For instance, the RSPB and SSSI results indicate that targeting efforts by government and NGOs can be effective. From a policy perspective these are informative results in relation to how national targets are being met. The scoring process is designed to prioritise AEP applications located in SSSI sites, and as the results of this study indicate, this has been effective (Scottish Government, 2009) . However the environmental benefits of AEP option uptake at these sites is not yet apparent. Furthermore, the other nationally targeted designated sites (SAC, SPA and Ramsar), were negatively associated with AEP participation, suggesting further policy efforts are required to improve agri-environmental management uptake in these areas.
Furthermore, habitats outside of SSSIs and designated zones, termed here the 'wider countryside', might be at risk of not being sufficiently competitive to receive funding under the current scoring system, despite the capacity to meet option objectives. This suggests that policy targeting for RP may need to develop further towards support for 'wider countryside' applications, in order to promote and manage biodiversity, especially to reduce the impacts of already fragmented protected habitat areas (Sutherland et al., 2006; Jackson et al., 2009 ).
The results presented here provide a potential policy tool for the evaluation of the extent and expenditure of the RDP measures, contributing to the understanding at a national level of the spatial patterns and determinants of policy implementation. Understanding spatial participation may reduce the risk of 'implementation deficit' by determining how policy objectives in terms of initial uptake and spending are being met. Moreover, understanding the potential determinants could guide and emphasise the importance of future targeting efforts to option level, and make these spatially explicit. Such actions are especially important with respect to the proposed reforms of the CAP, which aim at 'encouraging agri-environmental initiatives' as well as 'better targeted income support' looking towards future challenges post 2020 (COM, 2012a; 2012b; 2012c) . In addition there is a "need for a more radical and geographically-defined strategy of targeting" as argued by Potter et al. (1993, p.200) especially as RDP undergoes reform and proposed CAP spending cuts become reality (Marsden, 2011; COM, 2012c) .
